Although clinical best practice suggests that affect awareness could enable more effective technological support for physical rehabilitation through personalisation to psychological needs, designers need to consider what affective states matter, and how they should be tracked and addressed. In this article, we set the standard by analysing how the major affective factors in chronic pain (pain, fear/anxiety, and low/depressed mood) interfere with everyday physical functioning. Further, based on discussion of the modality that should be used to track these states to enable technology to address them, we investigated the possibility of using movement behaviour to automatically detect the states. Using two body movement datasets on people with chronic pain, we show that movement behaviour enables very good discrimination between two emotional distress levels (F1=0.86), and three pain levels (F1=0.9). Performance remained high (F1=0.78 for two pain levels) with a reduced set of movement sensors. Finally, in an overall discussion, we suggest how technology-provided encouragement and awareness can be personalised given the capability to automatically monitor the relevant states, towards addressing the barriers that they pose. In addition, we highlight movement behaviour features to be tracked to provide technology with information necessary for such personalisation.
INTRODUCTION
The growing availability of automatic affect detection capability in the context of healthcare (e.g., in [1] [2] [3] [4] ) makes it possible to leverage this functionality for personalisation of technological in physical activity levels, and if (and how) affect-aware capability could inform personalisation of support.
In this article, we build on the existing knowledge and address the current gap by investigating the following questions: (1) What barriers do pain and related fear/anxiety and low/depressed mood present to physical functioning? How should physical rehabilitation technology address the individual states? (2) Can technology detect levels of these states from movement behaviour, to enable personalisation of technological support to these states in everyday physical functioning?
STUDY 1-HOW AFFECTIVE BARRIERS HINDER EVERYDAY PHYSICAL ACTIVITY
IN CHRONIC PAIN This study takes advantage of the interview data collected and reported in [11] to provide further understanding of how pain, fear/anxiety, and low/depressed mood influence everyday physical function in people with CP. In [11] , due to space, we only reported the variety of barriers to physical activity in CP and strategies used to facilitate engagement in physical activity, without a deeper discussion of the challenges that these barriers pose, and how they can be individually addressed with affect-awareness capability. In this section, we report in-depth analysis of the interviews to understand the distinct barriers that the relevant affective states present and the different forms of support that can address these barriers.
The study was approved by the local research ethics committee and the National Health Service (NHS) research ethics committee, and all participants gave informed consent. The participants were 16 people with CP (10 women and 6 men, aged 19-74 years) and three pain specialist physiotherapists. Each interview lasted between 30 to 45 minutes and was audio recorded. All interviews were transcribed and analysed by the second author (A. S.) using thematic analysis [28] ; analysis was iterative until no new concepts emerged. We describe the emergent themes in the following subsections. Participant quotes are in italics within double quotation marks, with the respective participant named in the form P# and PT#, respectively, for CP and physiotherapist participants, where '#' is a numeric identifier.
The Effects of Affective Barriers on Engagement in Everyday Physical Activity and the Forms of Personalised Support that Can Address These Barriers
During our analysis of the data, it became evident that people had strong emotional responses to (the challenge of) and during engagement in physical activity. The following three themes are identified: (i) pain moderates the value of activity, (ii) fear and anxiety can lead to avoiding physical activity, and (iii) low mood undermines pain coping and engagement in physical activity. We discuss these themes in this section, highlighting the ways in which support can be tailored to address each of the barriers that they present:
Pain Moderates the Value of Activity.
Days where there are pain increases are described as 'bad days', whereas days with lower levels of pain are 'good days'. Some participants with CP reported that they refrained from any physical activity on bad pain days. For P6, 'On difficult days, I am paralysed with pain: I'm laid in bed'. For others, when pain intensity was high, only highly valued activities could outweigh their desire to rest. Some participants had discovered that lack of activity on bad pain days itself contributed to increased pain, and so had strategies for staying active on those days. P5, for example, said, 'I do try to do something because I've found that if I do move about, it helps. I've found that a little bit of movement is better than none'. Some chose activities that their experience suggested would lead to pain reduction even if the activities were not of high value. Physiotherapists also stressed the importance of doing a level of physical activity on bad days: '. .
. we try to get them to work out an amount that they can do regardless of if they are having a good or bad day. . . And that can be anything . . . it links back to what their goals are . . . ' (PT2).
Pain levels can also flare up due to the CP condition, or other triggers such as emotional distress [11] leading to longer setbacks, which take a psychological and physical toll on people with CP. P1 explained, ' ' . In other cases, people wanted to make up in activities left undone or unfinished on bad days, e.g., catching up on work, or spending time with children. Overdoing activity can lead to normal delayed onset muscle soreness, which may trigger unhelpful rest [29] . Reduced activity following bad days can lead to frustration at reduced capabilities [30, 31] . Further, exacerbation of pain following days of overactivity reinforces unhelpful association of pain with physical activity, leading to further reduction of activity [32] .
Fear and Anxiety Can Lead to Avoiding Physical Activity.
Physiotherapists highlighted fear of pain as the most common deterrent to physical activity for people with CP. PT4 particularly described an experience with a patient: ' ' . This account shows how fear of pain inhibits movements that a person is physically capable of performing. It also demonstrates the importance of context in mediating the relationship between fear and movement. Context may be environmental, e.g., getting up from a low chair versus a high chair, or it may be about the movement itself, e.g., when a movement is one aspect of a complex activity versus when it is part of a less challenging activity. Physiotherapists reported that they often worked with patients to address fear of movement in anxiety-provoking contexts, by increasing the patient's awareness of his/her movement behaviours and abilities while performing the movements: '. 
Discussion
In this study, we sought to deepen the understanding of the barriers that pain, fear/anxiety, and low/depressed mood present to physical functioning. Our findings show that each state raises different needs and that fear/anxiety and low/depressed mood are even very individual. Further, the findings suggest that it is critical for technology to address each need appropriately to facilitate engagement in physical activity. People are not always themselves aware of their affective states, especially at times when they should be addressed. On the other hand, self-monitoring is cognitively demanding. Hence, there is the need for technology that is affect-aware, i.e., capable of detecting pertinent states to provide appropriate and individualised support. Our analysis further highlights design opportunities that build on such capability towards addressing the barriers that pain, fear/anxiety, and low/depressed mood pose to engagement in physical activity. Before we provide a discussion of some of these directions, it is important to first understand the feasibility of the automatic detection of these states. In the rest of this section, we discuss an approach to automatic detection that is grounded in our findings, and we describe investigations of this approach in the next sections (Sections 4-6). We discuss the findings from these further studies with the proposed affect-awareness-based design principles in Section 8.
Can we simply employ available systems for automatic detection of pain level, mood, and fear? The face and voice have been the favoured affect detection modalities [34, 35] . However, the face has been shown to often be neutral during painful movement, with pain related expressions usually appearing only at the end [36] , possibly in seeking empathy from the instructor. This is consistent with findings in Sullivan et al. [15] , where facial and vocal expressions of pain occurred in pain self-report periods after challenging physical activity rather than during. Our findings from Study 1 suggest that fear/anxiety and increased pain-related behaviour need to be detected the instant they arise, to allow personalisation using context and to variations that can occur within short periods. In addition, these affective channels (the face and voice) can only indicate the presence of a barrier (e.g., fear of pain) but not information about the barrier (e.g., what strategy is used to deal with this barrier). Our findings point to the need to monitor (the quality and quantity of) movement for holistic understanding of the affective barriers faced by a person in engaging in a specific activity at a given instance. Rather than this being a mechanistic approach, it is a means to automatically gain insight into individual challenges and coping strategies. It is especially important to emphasize that whilst there may be similarities in the way people express pain, fear/anxiety or low/depressed mood, what activity it is experienced in, at what level it is experienced, and how it is dealt with are collectively individual. As shown in the findings in Study 1, physiotherapists read such signals and respond appropriately to help the person better manage the condition and engage more optimally in functioning. Advances in wearable sensing technology, particularly inertia measurement units (IMUs), allow continuous tracking of movement behaviour in a person's natural environment. While increase in stress can also generally be captured in physiological signatures [37] that can be recorded using other types of wearable devices, muscle activity patterns may be the most informative about pain experience with respect to physical activity, given its relation to movement (challenges) [36, 38, 39] . Muscle activity can be tracked using wearable surface electromyography (sEMG) sensors.
This understanding deriving from the findings in Study 1 leads to the second question we addressed in this article: can pain-related emotional distress (i.e., fear/anxiety and low/depressed mood as a single construct) and levels of pain be automatically detected from movement behaviour and muscle activity? In investigating this question, we distinguish pain from emotional distress and leave differentiation of fear/anxiety from low/depressed mood for future work. The methods we used, and our findings are reported in Sections 5-7 (Studies 2 and 3); but first, we further discuss the state of the art in automatic detection of pain level and emotional distress.
PREVIOUS WORK: AUTOMATIC PAIN AND EMOTIONAL DISTRESS
LEVEL DETECTION There have been many studies examining automatic detection of levels of pain, although mostly using facial expressions (e.g., recent studies, [5] [6] [7] [8] [9] ). As earlier discussed, the face provides only a partial understanding of a person's state and consequent behaviour or action readiness [15] and is further impractical for affect tracking in mobile contexts. A considerable proportion of studies on automatic pain level detection using body movement have been based on experimentally induced pain (e.g., in [7, 40, 41] ). Studies where pain is experimentally induced have limited application for CP [42] because healthy participants find the pain stimulus only minimally threatening (or even not at all threatening) and momentary [43] , whereas clinical pain is usually threatening and, for CP, enduring. More relevant, therefore, are the studies on people with CP. The earliest of these is the work of [44] where features of the activities of the lumbar paraspinal (lower back) muscles and the range of trunk movement during trunk exercises were used to automatically differentiate participants with low back CP from healthy participants. Similarly, Grip et al. [45] used features such as the range and velocity of the neck in neck rotation and flexion exercises to automatically discriminate between participants with neck CP and healthy participants. Another study by [46] considered the amplitude and time of ground force reaction peaks in foot movements for participants with knee CP while they walked. Although these studies do not further classify participants with CP according to their levels of pain, their findings provide understanding that how the painful anatomical segment is handled in movement can betray that a person has CP. Indeed, in [47] , spinal motion features were used to automatically differentiate 11 levels of pain in people with low back CP during trunk exercises. A major limitation of the study, however, is that these features were intricate vertebral movements which were captured using sensors mounted on pedicle screws that had been inserted into the spine under general anaesthesia as part of clinical assessment. This capture method is invasive and is not feasible outside of clinical settings. Thus, the study provides limited understanding of how levels of pain may be tracked based on movement behaviour data captured in everyday settings.
Previous work on the automatic detection of mood levels has been limited to the detection of (the severity of) major depressive disorder based on observation in sedentary clinical consultation settings (e.g., [1] [2] [3] , [48] [49] [50] [51] [52] [53] ). For example, in [1] , video-based full-body movement features were used to discriminate between two levels of clinical depression. The authors found that the best performance was obtained by combining holistic movement features and features of the relative movement of anatomical segments. In [3] , video-based features of upper body movement, head movement, and facial expressions were used to automatically discriminate between healthy participants and participants with clinical depression. It was found that using head movement features alone led to the same performance as the use of facial features alone while the use of upper body movement features alone led to better performance. In [2] , the authors used video-based upper body movement and facial features and acoustic features to discriminate between these two groups. They found that the audio features alone generally led to better performance than the video-based features, but the best performance was obtained with fusion of the two modalities. In a similar work by Alghowinem et al. [49] , video-based head movements alone were used. Further, Pampouchidou et al. [51] and Yang et al. [54] used a combination of video-based eye and head movement and facial features, speech acoustics (and transcript in [51] ), and features of previous emotion label annotations, whereas the work in [54] considered automatic detection of 25 levels, and the work in [51] considered 2 levels. In CP, pain-related low/depressed mood is more relevant than major depressive disorder [27, 55] , and so we make that our focus in this article. Nevertheless, these previous works provide some understanding of how depressed mood may be detected from movement behaviour although their findings are with respect to video-based features that do not easily transfer to other movement sensors such as IMUs.
While automatic fear/anxiety detection has been investigated in more mobile settings, most studies on it have only considered acted expressions, such as in the studies of [35] , [56] [57] [58] [59] . Unfortunately, the findings from these studies are limited as acted expressions do not fully reflect spontaneous expressions in real life because they are usually exaggerated and so more salient. Although Rani et al. [60] investigated the differentiation of spontaneous anxiety from engagement, anger, frustration, and boredom (based on bodily muscle activity, facial, and physiological cues), this was done in sedentary settings and, as with the other studies, their study of fear/anxiety was not in the context of pain. As discussed in Sections 2 and 3, movement is the object of the fear/anxiety in the context of pain and so, fear/anxiety in that context may be differently embedded in the execution of the movement. Aung et al. [36] investigated the automatic detection of the following specific bodily expressions associated with pain: guarding (stiffness in movement [61] ), bracing, rubbing, abrupt motion, and limping. However, pilot analysis showed that these observer-rated expressions cannot be simply used as a proxy for self-reported experiences.
Overall, the state of the art in automatic detection does not fully address the affect monitoring needs of CP physical rehabilitation. Thus, in Study 2, we investigated automatic detection of pain-related emotional distress (combined low/depressed mood and fear/anxiety) and pain levels from movement behaviour captured during exercise movements using IMU and sEMG sensors. This study is based on the existing EmoPain dataset [36] . We further investigate in Study 3 the possibility of detecting pain levels during both functional and exercise movements tracked using a limited network of sensors. The latter investigation is the first step in understanding the feasibility of pain level monitoring in everyday functioning (beyond physical exercises), which, as discussed in earlier sections and in [19, 62] , is a crucial part of CP physical rehabilitation. This investigation is based on a new dataset (the Ubi-EmoPain dataset [63] ) purposely collected for this study. For completeness, we include results from our initial studies [16, 17] based on exercise movements in the EmoPain dataset with more details of our methods and analyses. In our investigations, effort is put into analysis of movement behaviours so as to inform features for automatic detection. This approach is necessary because, similar to humans [64] , the 'mind reading' capabilities of artificial systems rely on inference from perceptible behaviour or biosignals.
STUDY 2 AND 3-THE AUTOMATIC DETECTION OF EMOTIONAL DISTRESS AND PAIN LEVELS-METHODS
As discussed above, findings in Study 1 lead to the question of the feasibility of automatic detection of pain and emotional distress (fear/anxiety and low/depressed mood) from movement behaviour, with the aim of enabling technology to personalise support so as to address affective barriers that people with CP face in functioning. Study 2 investigates this question based on a dataset of exercise movements captured using commercial sensors, and Study 3 builds on this with further investigation based on a second dataset containing both exercise and functional movements captured using custom-built low-cost sensors [63] .
In this section, we describe the datasets, features, and analysis methods used in Studies 2 and 3 for investigating automatic emotional distress and pain level detection. Rather than aiming to build a complete system for continuously monitoring these affective states, we investigated the possibility of assessing these states in preselected activities that are generally considered challenging by people with CP.
Datasets
Two datasets were used: the first is an existing dataset while the second was built based on the results obtained from investigation with the first dataset. For the sake of organisation of the article, we describe both datasets here before the results of the investigation based on the first are presented: [36] consists of motion capture and muscle activity data collected from healthy control participants and participants with low back CP. The data was acquired while the participants performed physical exercises that simulate everyday physical activities that are challenging for people with low back CP. In our investigations, we focus on three of these exercises: Sit-to-Stand, Forward Trunk Flexion, and Full Trunk Flexion [39, 65] . The motion capture data obtained includes three-dimensional positions of 26 anatomical joints from the crown to the heel using a commercially available system. The muscle activity data was obtained bilaterally from the trapezius and the lumbar paraspinal muscle also using a commercial system. Healthy participants and participants with CP completed the Hospital Anxiety and Depression Scale (HADS) [66] before performing the exercises. The HADS is a 14-item scale that measures emotional distress [67, 68] . In building automatic emotional distress detection functionality in this article, we used the HADS for ground truth; however, we excluded one item of the scale because of possible somatic interpretations in CP [69, 70] . There were 112, 45, and 16 instances of Sitto-Stand, Forward Trunk Flexion, and Full Trunk Flexion, respectively, with corresponding HADS self-reports. Thus, we were not able to explore automatic differentiation of all possible scores of the HADS-13 for each exercise type; the lack of sensitivity of these types of questionnaires (despite their standardisation) was an additional challenge. Instead, we defined two levels of emotional distress, not distressed and distressed, based on a near equal split of the scale.
EmoPain Dataset. The EmoPain dataset
After performing each exercise at a given level of challenge, participants with CP reported the intensity of pain experienced on a scale of 0 for no pain to 10 for extreme pain [71] . The healthy control participants did not report pain intensity and were assumed to have no pain. There were 104, 49, and 18 instances altogether of the Sit-to-Stand, Forward Trunk Flexion, and Full Trunk Flexion, respectively, with associated pain intensities. Although there were participants with CP who reported experiencing no pain during exercise instances, we did not consider them to be in the same pain class as the healthy control participants. Thus, instances of the healthy control group were labelled as no CP separate from the pain levels considered within the group of participants with CP. In the CP group, two pain levels were considered: we were not able to consider all intensities of pain on the pain scale due to data size constraints. The two levels of pain, lower level and higher level, in the CP group were derived by a near equal split of the pain intensity scale.
Ubi-EmoPain Dataset.
Unlike the commercial sensors used to acquire body movement data in the EmoPain dataset, here, custom-built low-cost sensors were used to obtain the UbiEmoPain dataset [63] . The purpose of using custom-built sensors was to explore the feasibility of capturing movement behaviour for automatic monitoring using cheaper and lower fidelity sensors. Thus, in building this dataset, we also used a reduced number of sensors, i.e., four inertial motion capture units placed on the head, trunk, upper leg, and lower leg and two sEMG units attached to the right trapezius and lumbar paraspinal muscles, respectively. This is a first step in investigating the possibility of mass deployment of automatic pain level monitoring functionality in physical rehabilitation technology. These placements were based on findings from the studies based on the EmoPain dataset reported in Section 7.1. The studies showed that movement features of these anatomical segments and muscles were necessary for discrimination between levels of pain in people with CP.
As with the EmoPain dataset, the sensing units were used to collect body movement data from people with CP in the lower back with data recorded during Forward Trunk Flexion, Full Trunk Flexion, and Sit-to-Stand. However, here, there were instances of Forward and Full Trunk Flexion performed as functional movements in addition to those completed as exercises. For functional Forward Trunk Flexion, the participants were instructed to retrieve a cardboard box attached to the wall with pressure-sensitive adhesive; a barrier was placed on the floor in front of the wall to force participants to reach forward to complete the task. For functional Full Trunk Flexion, participants were asked to pick up a cardboard box from the floor starting from standing. For the Sit-to-Stand, the participants were simply asked to stand up as they normally would. Similar to the EmoPain corpus, emotional distress and pain intensity were assessed via self-report, and the pain self-report was used to derive two pain classes for automatic detection. Only one participant belonged to the distressed class and so further investigation of emotional distress detection based on this dataset was not done. For Forward Trunk Flexion, there were 27 and 21 instances of lower and higher level pain, respectively; 27 and 19 instances respectively of lower and higher level pain for Full Trunk Flexion; and 25 and 13 lower and higher level pain instances, respectively, for Sit-to-Stand.
Body Movement Features
In the following subsections, we describe the features extracted for emotional distress and pain detection. The selection of features was based on relevant literature and physiotherapist-informed analysis of videos from the EmoPain dataset. The formulae used for extracting these features are provided in Appendices A and B, respectively.
Emotional Distress Features.
Head slump is one of the known cues of emotional distress [72] [73] [74] so we extracted the lowest angle of the head and the duration of that head pose (with a 10°allowance to account for slight movements), normalised to the duration of the activity. A similar cue of emotional distress is shoulder protraction [75] , and we also extracted this. Pimentel do Rosário et al. [75] computed shoulder protraction in a single pose (rather than over a movement sequence) and their computation method relied on the use of photographs. As the type of data in our investigation differs from theirs, we instead computed shoulder protraction as the minimum angle between the left and right sides of the upper trunk. Another cue thought to be indicative of emotional distress is increased use of self-adaptors, i.e., self-touching [73] . Scherer et al. [73] considered three forms of self-adaptors as follows: head, hand, and trunk self-adaptors, which are practical in the clinical interview settings they considered. In our case where participants were engaged in physical activity, we did not expect these adaptors, and we instead considered thigh self-adaptors. To characterise thigh self-adaptors, we extracted the minimum distance between the hands and the thighs. Body sway has also emerged as a cue through which emotional distress is expressed [76, 77] . To quantify body sway, we computed the energies of the head, trunk, hands, and legs. Energy was computed as the sum of the mean translational and rotational kinetic energies of the specific anatomical segment, assuming unit mass for each. Speeds of the trunk, hands, and legs were additionally extracted based on the findings of reduced speed in the emotionally distressed [76, 78] .
Pain Level
Features. Submaximal flexion of the trunk during Forward and Full Trunk Flexion and Sit-to-Stand is one of the known expressions of low back pain [39, 44, 79, 80] . Thus, for each of the three activity types, we extracted the range of trunk flexion as a feature. For the Sitto-Stand, we additionally extracted knee and pelvic angles at the point of lift to characterise the relation between the height of the subject and the height of the seat as the amount of trunk flexion in this activity type depends on this relation (although these features may also be influenced by the pain-related affective state of a person). Visual inspection of the EmoPain Forward Trunk Flexion data also showed that there was less flexion of the head with respect to the trunk in participants with CP compared with healthy participants and less arm unsteadiness in instances of higher level pain compared with instances of lower level pain. These two findings suggest stiffness in movement due to pain [61] although the two expressions could also be a result of relatively small trunk movements. Based on the findings, we extracted the amount of neck flexion as a feature for the three activity types. In addition, we characterised unsteadiness in arm movements (only for the study based on the EmoPain dataset) as the number, time range of occurrence, and mean amplitude of peaks in the smoothed profile of the vertical displacement of the upper arm. These were extracted for only the Forward and Full Trunk Flexion, which both involve arm movements. For the Sit-to-Stand, we extracted speed of lift and duration (the latter only for the study based on the EmoPain dataset) as a feature, since reduced speed is an expression that has been shown to be indicative of low back pain in this movement [79] . Findings from pain studies also show that people with low back CP have higher lumbar paraspinal muscle activity than healthy participants when fully flexed (typically between 40°and 70°of trunk flexion) [39, 44] . During this period, the healthy pattern is muscle relaxation in the lumbar paraspinal as the rest of the flexion is achieved by the pelvic muscles [39, 44] . Visual inspection (see Figure 1 ) based on the EmoPain Forward Trunk Flexion data indicates that there may also be absence (or rather, delay) of re-extension relaxation in the participants with CP who perform trunk flexion. Thus, we computed both flexion and re-extension relaxation; this was done by modelling muscle activity change point, i.e., the point where higher muscle activity changes to lower activity, based on [81] . Figure 2 shows the computed location of the change point for the three distinct muscle activity patterns of Figure 1 , which are representative of the EmoPain Forward Trunk Flexion data. For Forward and Full Trunk Flexion, we extracted two features of the change point: the time when it occurs and the amount of change in muscle activity that occurs. Only the former change point feature was extracted for the Sit-to-Stand; for this activity type, the range of muscle activity was also extracted.
Classification
We used the following standard machine learning classification algorithms in our investigation based on the EmoPain dataset: Support Vector Machine (SVM) and Random Forest (RF). The SVM is a binary classification algorithm that classifies by finding the hyperplane that separates observations into two classes with a maximum margin [82] . In the detection of three pain levels using the SVM (in Study 2), we employed a hierarchical structure of SVMs where an SVM (SVM1) was used to discriminate between CP and non-CP instances and a second SVM (SVM2) was used to further class the CP instances as either lower or higher level pain. The RF, on the other hand, is an ensemble of decision trees that allows for multiclass classification [83] . As is typical in machine learning, we set hyperparameters for both algorithms using grid search.
For the Ubi-EmoPain dataset, 58.4% of the instances had incomplete feature vectors due to technical malfunction during data capture and inadequate size of an attachment accessory, which led to non-capture, in these instances, of any data for some of the anatomical segments. Thus, we explored two approaches for automatic classification with missing data. In one approach, we used single imputation based on linear regression to recover the missing feature values. In the regression model for imputation, we included relevant and available data (the order of the activity instances, pain and HADS-13 scores, and movement confidence self-report also obtained during data collection [63] ) as predictor variables. We then used the imputed datasets in building the classification models. In the second approach, we used decision trees with surrogate splits [84] for building the classification model with the incomplete (non-imputed) datasets. To allow for comparison, we also used decision trees for classification with the imputed datasets. Hyperparameter setting was also done here based on grid search.
For both the EmoPain and Ubi-EmoPain datasets, we evaluated classification performance using leave-one-subject-out cross-validation, which is standard in Affective Computing. This method evaluates the generalisability of a classifier to unseen subjects and accounts for idiosyncrasies. We report our results using standard metrics: accuracy as an increasing score between 0 and 1, F1 score (scored similar to accuracy), which quantifies precision and recall with less bias, and confusion matrices, which allow detailed review of classification performance.
Features Analysis
To add to existing knowledge on the movement behaviour cues of emotional distress and pain, we analysed the features extracted from the EmoPain dataset using both feature subset selection and traditional statistics techniques. These methods enable exploration of minimisation of the number of anatomical segments to be tracked for automatic detection, and so the number of sensor units needed for data capture. This would facilitate movement behaviour tracking (for automatic detection) in ubiquitous settings.
We used linear mixed model approach to test for fixed effects of levels of pain and emotional distress on each feature, independent of the classification algorithms used. This method was used as the dataset did not satisfy independence of observations. It was necessary to bootstrap (with the number of samples set to 1000 for bootstrapping) the data for this analysis as the dataset additionally did not satisfy the assumptions of normal distribution and heteroscedasticity of variance [85] . A limitation of the bootstrapped linear mixed model analysis in IBM SPSS (which we used for our analysis) is that only significance of effect is provided without the test statistic.
We used feature subset selection to understand the relevance of the features with respect to the classification algorithm used. This method additionally enabled consideration of more complex interactions between features than the linear mixed model. Our approach to feature subset selection was a breadth-first tree search with pruning similar to the method by Narendra and Fukunaga [86] . Feature understanding that resulted from feature subset selection was used to optimise classification performance. 
STUDY 2-AUTOMATIC DETECTION OF EMOTIONAL DISTRESS-RESULTS
In this section, we report the performance of automatic emotional distress detection and the relevance of the selected features (see Section 5.2) to this task.
Results: Classification Performance
We found that using the optimised feature set, the best classification for each of the three activity types was better than chance level performance (see Table 1 ). For the Forward Trunk Flexion and Sit-to-Stand, the RF outperformed the SVM (although only slightly); however, for the Full Trunk Flexion, the RF did much worse than the SVM and did not recognise distressed level better than chance level detection. As can be seen in Table 2 , for the best classifiers, recall of the distressed class was highest in Sit-to-Stand compared with the other two activity types. This may be due to the higher number of training instances for that class available in this activity type in contrast to the other two. Precision for the distressed class was nevertheless perfect for Full Trunk Flexion although the low number of instances in that class makes it difficult to draw any conclusions. In all cases, detection of the distressed level was more difficult than the not distressed level. This is not surprising given the skew in the number of examples of the levels in the dataset, despite using weighted costs and sampling.
Results: Features Analysis

Feature Subset Selection.
We analysed the importance of the features extracted based on the frequency of the features in the subsets returned with feature subset selection using the best classifier for each activity type. For the Full Trunk Flexion, the right lower leg energy feature, the minimum head angle, and the minimum hand to thigh distance were found to be the most important features. Further analysis (Figure 3-left) showed that the right lower leg energy was typically less in the distressed group. We found that the energy features were generally useful for the Full Trunk Flexion. For the minimum head angle feature, half of the distressed instances had lower values than nearly three-thirds of the not distressed instances (Figure 3-middle) . The importance of this feature in the Full Trunk Flexion but not the other two activity types may be because, in contrast to these activity types, the Full Trunk Flexion lends itself to head slump. We also found that the distressed group had lower hand to thigh minimum distances than the not distressed (Figure 3-right) .
For the Forward Trunk Flexion, unlike the other two activity types, all the features extracted were useful. Similar to the Full Trunk Flexion, the right lower leg energy feature was the most important feature; the leg speed feature almost matched this feature in importance. It is not clear why the leg speed was found to be important in this activity type but not in Full Trunk Flexion, which is a similar movement with respect to the legs.
For the Sit-to-Stand, the minimum hand to thigh distance was the most important feature for this activity type although, as can be seen in Figure 4 , about half of the not distressed instances had values similar to the values of the distressed instances. This is not surprising as in the Sit-to-Stand, there are reasons other than distress why the hands may be close to the thigh (e.g., natural resting of the hands on the thigh at the beginning of the activity).
Linear Mixed Model Analysis.
Distressed participants were found to have significantly lower energy of the left and right shank in Full and Forward Trunk Flexion (p < .05). These participants also had significantly lower minimum hand-to-thigh distance in Full Trunk Flexion (p < .01) and Sit-to-Stand (p < .005) suggesting that they used thigh self-adaptors in these movement types. Further, the distressed participants were found to be significantly slower (p < .05) in Forward Trunk Flexion and Sit-to-Stand. An unexpected finding was that the distressed had significantly higher minimum head angle (p < .05) in both Forward Trunk Flexion and Sit-to-Stand. It may be that pain related distress lends to rigidity in the movement of the head that masks head slump typical of distress (in non-pain contexts).
STUDY 3-AUTOMATIC DETECTION OF PAIN LEVELS-RESULTS
In this section, we first report the performance of the automatic detection of three pain groups (no CP, lower level pain, and higher level pain) based on the exercise movements of the EmoPain dataset and the relevance of the selected features (see Section 5.2) to this task. These have been previously reported in [16, 17] but are described here for completeness including new results on the relevance of the features based on linear mixed model analysis. We then report completely new results of automatic detection of lower and higher level pain groups in both functional and exercise movements based on the Ubi-EmoPain dataset [63] . The latter is a critical step to understand the feasibility of moving into everyday functioning, and how the informative qualities of movement transfer between exercise and functional movements.
Results: Detection in Exercise Movements (Based on Commercial Sensors)
7.1.1 Classification Performance. As can be seen in Table 3 , pain level detection using the optimised feature set was better than chance level classification for the three activity types. Detection in Full Trunk Flexion was perfect; this may be due to the relatively small size of the dataset and so lower random inter-subject variation in contrast to the other two exercises. The SVM performed at least as good as the RF for the three activity types. Table 4 shows the confusion matrices for classification for each activity type with this algorithm.
Feature Subset Selection.
Our analysis showed that the range of trunk movement was useful in differentiating between a person with CP and a healthy person during Full and Forward Trunk Flexion, although this feature was not useful in discriminating between lower and higher level pain within the CP group. Similarly, even though visual exploration had shown arm unsteadiness to be a possible cue of pain level within the CP group, it was only found to be useful in differentiating the healthy from the CP group in these two activity types. Amount of neck flexion was found to be useful in discriminating between lower and higher level pain in Forward Trunk Flexion but not for Full Trunk Flexion even though it was found useful in separating instances from healthy participants and instances from people with CP in the two activity types. Muscle relaxation pattern features were found to be important for differentiation of the three pain classes for the Full and Forward Trunk Flexion.
For Sit-to-Stand, the muscle relaxation pattern and the mean muscle activity features were of less importance than the kinematic features for discrimination between instances from healthy participants and those from participants with CP. However, for separating instances with lower level pain from those with higher level pain, these muscle activity features were important. We found that information about the relation between the seat height and the subject height was necessary for discriminating between the three pain levels, whereas the speed of lift was not at all useful.
Linear Mixed Model Analysis.
For Full Trunk Flexion, significant difference (p < .05) was only found for the activity change point of the right lumbar paraspinal and trapezius between participants with CP who reported higher level pain and healthy control participants. The result shows that the change point occurred significantly earlier in the lumbar paraspinal for the participants with higher level pain. However, the lower amount of relaxation in this muscle for the participants, although not significant, suggests that their premature relaxation may be due to either suboptimal flexion which enabled early extension and relaxation or suboptimal relaxation with complete relaxation delayed. The amount of relaxation was found to be significantly lower in the trapezius for the participants adding strength to this theory.
For Forward Trunk Flexion, difference was significant for the activity change point for both the left and right lumbar paraspinal and trapezius (p < .05) in addition to the range of trunk and head motion (p < .005). The result shows that the amount of trunk flexion and the displacement of the head was significantly lowest in participants with higher level pain and highest in healthy control participants. Like in Full Trunk Flexion, activity change point occurred in the right lumbar paraspinal significantly earlier in participants with higher level than in healthy control participants; in this case, the lower amount of change that occurred in participants with higher level pain was significant. These findings make a strong case for the earlier proposed theory although the significantly lower range of trunk flexion in this movement type specifically points to suboptimal flexion as the (perhaps unintentional) strategy that enabled early relaxation. There was also significantly lower relaxation of the left lumbar paraspinal and trapezius for the participants with higher level pain than for the healthy control participants. Best performance for each movement type is shown in bold for the unoptimised feature set.
The duration, speed of lift, range of trunk flexion, knee angles at lift, and activity features of the left lumbar paraspinal and trapezius were significantly different for the pain levels in Sit-to-Stand. Interestingly, participants with lower level pain had the lowest duration for the movement, lower than for healthy control participants despite healthy control participants significantly having the highest lift and extension speed (p < .005). The additional finding of significantly higher amount of trunk flexion in the healthy control participants (p < .005) suggests that although participants with lower level pain were slower in lift and extension, lower amount of trunk flexion led to lesser time to prepare for lift and possibly also lesser time to complete extension. Participants with higher level pain had significantly higher duration (p < .05), lower speed (p < .005), and lower range of trunk flexion (p < .005) than either of the healthy control participants or the participants with lower level pain. It was also found that participants with lower level pain had significantly lower left and right knee angles (p < .01 and p < .05, respectively) just before lift than participants with higher level pain. This suggests that pain intensity may affect the positioning of the feet for standing up from seated position with those with higher level pain likely to keep their feet as far forward as possible. Another finding was that the activity change point of the left lumbar paraspinal occurred significantly earlier (p < .005) in participants with higher level pain than in participants with lower level pain. As with Forward Trunk Flexion, this may be due to suboptimal flexion of the trunk and as expected, the range of activity of the muscle was also significantly lower (p < .05) in participants with higher level pain than in participants with lower level pain.
Results: Detection in Exercise and Functional Movements
(Based on Low-Cost Sensors) Here, we found that pain level detection was better with imputation and feature optimisation based on feature subset selection and was well above chance level classification (see Table 5 ). Detection for the Full and Forward Trunk Flexion without imputation was much lower than chance classification; this is likely due to the higher proportion of instances with missing values in these activity types, i.e., 67.4% and 53.3%, respectively, compared to 52.9% for the Sit-to-Stand. This may also be a reason for the lower classification performance for the Full Trunk Flexion with imputation and optimisation compared with the other two activity types. The classification performance for the exercise and functional subsets was found to be comparable within each activity type with accuracies of 0.67 and 0.68, respectively, for the Full Trunk Flexion, and accuracies of 0.80 and 0.86, respectively, for the Forward Trunk Flexion. The confusion matrices of classification based on the optimised feature sets are shown in Table 6 .
OVERALL DISCUSSION
The investigations in this article aimed to provide a deeper understanding of the opportunities of affect-awareness functionality in healthcare technology, with a focus on CP physical rehabilitation. First, through qualitative analysis of existing interview data, we investigated how pain and related fear/anxiety and low/depressed mood interfere with engagement in physical activity of people with CP, and how technological support may be personalised to address these affective barriers. Further, after making a case for movement behaviour as a critical window on these barriers, we explored automatic detection of emotional distress (combined fear/anxiety and low/depressed mood) and pain from movement behaviour and muscle activity during physical activity, as a primary step towards implementation of the proposed strategies. Our automatic recognition results demonstrated F1 score of 0.86 and 0.9 (average for three activity types) for two-level emotional distress classification and three-level pain classification respectively for exercise movements captured using full-body commercial sensors. We additionally provided preliminary evidence of F1 score of 0.78 (average for three activity types) for two-level pain classification for exercise and functional movements captured using a minimal set of low-cost sensors. In this section, we bring together the findings of the qualitative study and the results of the quantitative analysis in a discussion that aims to provide direction towards affect-based personalisation in CP physical rehabilitation technology.
What Design Opportunities Does Affect Awareness Introduce?
Our findings in Study 1 suggest two design opportunities that affect awareness can enable in technological support for physical rehabilitation.
Personalising Encouragement.
Existing principles suggest elements of 'positive reinforcement' in design aimed at increasing engagement in physical activity [87] . Our findings in Study 1 further suggest two standards to follow in providing encouragement in the case of physical rehabilitation for long-term medical conditions. First, it is important that encouragement is timely. In the case of CP physical rehabilitation, encouragement is needed in periods of increased pain when the tendency is to avoid physical activities even when valued. Encouragement should additionally be provided when these periods are prolonged and there is the danger of psychological setbacks. Periods of low mood also call for encouragement.
Further, encouragement provided must be more than simply presenting recorded data (e.g., physical activity levels) to the user, i.e., it must be rewarding. For people with CP where gains in physical capability are slow and setbacks are more likely, periods where encouragement may most be needed, data on current physical performance may not be encouraging. In this case, data from previous recoveries from setbacks and gains in psychological capability can provide encouragement [88] . It may be necessary to embed the data within a message of reassurance.
Awareness of levels of the relevant affect state based on automatic detection equip technology for such targeted support.
Regulating Awareness.
Several physical activity intervention approaches, e.g., in [19, 89, 90] , are built on enabling awareness. Further, exergame-based designs, shown to enable improvement in motor skills of people with CP [91] incorporate awareness [10] . What we propose is the regulation of such awareness to relevant affective experiences. For people with CP, awareness needs to be provided (or its saliency increased) at appropriate times on low level pain days to prompt breaks; appropriate times may be determined by a person's average exertion level given that physiotherapists with expertise in CP suggest gradual exposure to physical activity [11] . Such regulation in time may instead be based on goals set by the person with CP, to give him/her control [11, 87] . A person with CP additionally needs to recognise instances when pain related fear/anxiety or low mood leads to maladaptive strategies or behaviours. Some of these instances will be best addressed in real time (especially for fear/anxiety) with more helpful strategies immediately suggested [92] , e.g., deep breathing to reduce tension. Although people are taught some of these strategies during pain management programs, as found in our analysis, they also need (just-in-time) reminders.
Other instances may require awareness on reflection, for the purposes of altering pain beliefs and informing self-planned strategies for engaging in (challenging) physical activities. In fact, pain management programs aim to (re-)educate a person with CP and equip her/him with a toolbox of strategies that s/he can adapt to address barriers to engagement in physical activity [93] . Personal (affect as well as movement behaviour) data can inform reflective (re-)formulation [19] . However, it is again important that data is not simply presented to the user. While it is necessary to ensure transparency and data availability, some level of abstraction serves to protect the user from unhelpful reflection. For people with CP, for example, care must be taken not to direct attention to pain levels, or (unconsciously) associate movement with pain. Yet, it is important that available data are as comprehensive as possible. For people with CP, movement behaviour data needs to be provided with data on levels of fear/anxiety and mood to support useful reflection. Continuous tracking of affective states together with concomitant body movement enable technology to address this requirement. Automatic tracking can generally support the regulation of awareness [19, 94] .
How Then Can Technology Assess Affective Barriers?
We have set an example in this article that the design of affect awareness in healthcare technology should be based on understanding of the affective needs of the population that it is designed for. The literature on pain behaviour points to movement behaviour as the most relevant modality for insight into pain and related states and our results in Studies 2 and 3 indicate that this modality should be strongly considered in developing affect-awareness capability for CP physical rehabilitation technology. Performance using this modality is comparable with the state-of-theart performance based on facial expressions (e.g., [5, 7, 8] ), although fair comparison is difficult as most of these studies focus on the detection of observer-rated expressions of pain rather than selfreport (the clinical standard for assessing pain intensity [71] ). An additional merit of movement behaviour as a modality in this context is that existing physical rehabilitation technologies would typically be already endowed with body movement sensors making it possible for them to acquire affect tracking capabilities. While we focused on the use of wearable sensors in our investigation, our findings can easily transfer to other body movement sensor technologies used in CP physical rehabilitation, such as optical-based sensors [91] . A significant contribution of our findings is development of the understanding of movement behaviour cues, which can be used by developers of physical rehabilitation technology to equip it with affect recognition functionality towards implementation of the design principles discussed in the previous section. Clinicians similarly depend on behavioural cues to infer relevant mental states (e.g., pain-related self-efficacy [63] ) and decide what support to provide to the specific individual during that specific period [11] . Further, these cues can be used by the technology as suggestions of what to look for to read the action tendency of or strategies used by a person experiencing pain or distress, e.g., notice of unnecessary muscle tension in a person with high levels of fear during movement execution. As highlighted in the previous section, such information can be used to suggest more helpful strategies and/or help the person understand, via reflection, the influence of fear/anxiety or low/depressed mood on movement.
Our analysis of movement behaviour and muscle activity features provides deeper understanding of known movement behaviour cues of emotional distress and pain. For example, one of our findings was that the tempo of movement execution enables recognition of pain-related emotional distress similar to its usefulness in non-pain contexts [76, 78] . This cue was also shown to enable automatic classification of pain levels in people with CP, in addition to its use in differentiation of people with CP from healthy subjects [79] . We found that for pain, the duration of movement execution and movement speed may provide different descriptions of movement tempo. We hypothesize that the participants with CP achieved shorter duration of Sit-to-Stand movement despite lower speed in the ascension phase due to reduced trunk flexion (for ascension initiation), which enables less preparation for ascension and less adjustment to complete the extension phase of the movement.
Another finding was the relevance of the range of movement of the affected anatomical segment to the classification of pain levels within people with CP without the need to capture intricate motion features using delicate capture methods as was done in [47] . We also showed that head and shoulder droop can be cues of emotional distress in physical activity settings although this depends on the movement type: certain movement types may mask it (or make it salient). We found that unlike other contexts [72] [73] [74] , with pain, while distressed people may keep their heads at minimum inclination for longer periods than those not distressed, they tend to have lower inclination values.
In addition, we showed that body sway characterised by joint energy enables recognition of pain-related emotional distress. It is difficult to compare our findings with studies in non-pain contexts because of differences in emotional distress constructs (as well body sway computation). This cue was analysed in [76] for depressed mood alone and lateral body sway was found to increase with depressed mood. In [77] , body sway was considered with respect to anxiety alone, and anterior-posterior body sway was found to increase with anxiety but only for low frequency sway, with decrease with anxiety for high frequency sway.
Further, we provide insight to cues not previously studied in the literature. For example, we showed that the range of head or neck movement enables discrimination between levels of pain. Although this cue may be related to guarding behaviour (i.e., stiffness in movement), it should be noted that the head and neck were not the main pain locations of the participants with CP (although some of the participants may have had pain in these segments in addition to the low back). Another cue discovered in our investigation was arm unsteadiness for automatically differentiating pain classes, although no statistical significance was found. These two findings suggest that, for CP, stiffness in movement may generalise beyond the painful segment.
It was also shown that pain leads to atypical foot positioning to perform Sit-to-Stand movement. We found that people with higher level pain keep their feet as far forward as possible to initiate the movement and use upper limbs to lift the body in order to execute this biomechanically challenging strategy. Our data showed two ways in which the upper limbs were used as follows: (1) both hands are used to push up from the bench, or (2) one side (usually the right side) of the body is raised before the other in ascension and the hand on the contralateral side is used to push up from the bench.
Further, we showed that back muscle relaxation on trunk re-extension can contribute to discrimination between levels of pain with pain leading to earlier relaxation. We believe that this is due to the reduced tension in flexion (in turn due to lower trunk flexion) that is more likely with (higher levels of) pain.
Finally, we showed that the use of thigh self-adaptors may be a cue of emotional distress in physical activity settings. This finding builds on the work of [73] on other types of self-adaptors in sedentary settings.
Is Affect-Aware Personalisation for CP Physical Rehabilitation
Feasible in Everyday Settings? The possibility of technology-based support for CP physical rehabilitation in everyday functioning has been explored in [19] and [94] . As discussed in the introduction, the shift in physical rehabilitation settings from constrained (exercise sessions) to day-to-day has been found to be necessary to enable the transfer of strategies and capabilities learnt in the former, and also to support the integration of exercise into everyday functioning to promote adherence to prescribed exercises [18, 19] . Aligned with this shift, we have shown the possibility of tracking pain levels during both exercise and functional movements using a minimal network of low-cost body movement sensors. This is important groundwork towards the leveraging of affect-based personalisation during day-to-day activities.
Our findings call for more work led by both the HCI and Affective Computing communities. It is particularly necessary to further evaluate how technological intervention with the proposed design strategies integrated can help people with CP to better manage engagement in physical activities. For example, how does regulating awareness to fear/anxiety level (e.g., providing a reminder to a person with CP to breathe deeply while s/he is completing a movement where s/he is exhibiting fear responses) help a person with CP engage in the activities that they find challenging during everyday functioning? And, what awareness designs are helpful? Although studies like [89] address the latter concern, few have considered functional activity settings for psychologically demanding medical conditions like CP [93] . The available literature suggests unobtrusiveness as a factor that will be critical to tackle in such designs [87, 95] . Perhaps more interaction between the fitness and the healthcare technology industries can encourage designs that address both physical rehabilitation and fitness needs, and so normalise the use of physical rehabilitation technology, minimising the stigma associated with the use of healthcare aids in everyday life [96] . The prevalence of chronic illnesses needing long-term physical rehabilitation indeed makes this a practical consideration.
To fully explore these problems, further work needs to be done on continuous tracking of pain, fear/anxiety, and mood in unsegmented activity where the boundary between one movement and the next may be non-existent. For instance, a person may reach for a distant object (and so perform Forward Trunk Flexion) at the same time as standing up from seated position (a Sit-to-Stand). One possible approach to addressing this challenge is to focus on components of movements (e.g., flexion of the trunk) independent of the type of movement(s) involved (e.g., Full and Forward Trunk Flexion or Sit-to-Stand). This approach additionally provides a convenient solution to the problem of understanding the action intention of the person, for the dual purpose of informing the strategy to be suggested towards easier completion of the movement (when that is appropriate) and as supplementary information for the affect detection module.
It is also important to understand how the users of the technology manage its imperfections, for example, false positives and negatives in automatic detection. How can these imperfections be made transparent to the user within its design? How do the users appropriate such information? The findings of Verame et al. [97] suggest that transparency can help the users understand how to incorporate feedback from an imperfect system; however, the constant burden of managing CP may present unexpected consideration for people with CP.
CONCLUSIONS
Our work addresses the need for affect-based personalisation in CP physical rehabilitation. First, based on the analysis of interview data that reflect perspectives of people with CP and painspecialist physiotherapists, we provide deeper understanding of how pain and related fear/anxiety and low/depressed mood individually interfere with functioning. Further, based on the findings from this analysis, we propose two design strategies that address the barriers that these states pose. One of these design principles is the personalisation of encouragement so that it is provided just-in-time in the event of relevant affective states or experiences, and additionally based on rewarding information, which may be of affective experiences. The other principle is the regulation of awareness (e.g., of affective response) to the relevant affective experiences. Both strategies assume automatic affect detection capability. Indeed, we provide understanding of how movement behaviour and muscle activity features can be a window on pain and related emotional distress (i.e., combined fear/anxiety and low/depressed mood). We show that these features enable good levels of discrimination (average F1 score = 0.9 and 0.86 for two and three levels of pain and emotional distress, respectively). We further provide evidence that pain levels can be automatically detected based on a minimal set of low-cost body movement sensors for ubiquitous monitoring (0.78 average F1 score for two levels). We highlight directions for future work in this area. д t where д = 1 ((f t > f t −1 ) AND (f t ≥ f t +1 )) OR ((f t ≥ f t −1 ) AND (f t > f t +1 )) 0 otherwise , ∀t : t = 1, 2, . . . , T Range of peaks in the vertical displacement of the upper armt p = arg max t ( {д |д t = 1}) − arg min t ( {д |д t = 1})
